Chloroplast is a typical plant cell organelle where photosynthesis takes place. In this study, a total of 1 808 chloroplast core proteins in Arabidopsis thaliana were reliably identified by combining the results of previously published studies and our own predictions. We then constructed a chloroplast protein interaction network primarily based on these core protein interactions. The network had 22 925 protein interaction pairs which involved 2 214 proteins. A total of 160 previously uncharacterized proteins were annotated in this network. The subunits of the photosynthetic complexes were modularized, and the functional relationships among photosystem I (PSI), photosystem II (PSII), light harvesting complex of photosystem I (LHC I) and light harvesting complex of photosystem I (LHC II) could be deduced from the predicted protein interactions in this network. We further confirmed an interaction between an unknown protein AT1G52220 and a photosynthetic subunit PSI-D2 by yeast two-hybrid analysis. Our chloroplast protein interaction network should be useful for functional mining of photosynthetic proteins and investigation of chloroplast-related functions at the systems biology level in Arabidopsis.
Introduction
Chloroplast is an essential organelle in plant cells and green algae. Most proteins in the chloroplast are encoded by the nuclear genome; only 88 proteins are encoded by the chloroplast genome (http://www.arabidopsis.org). In all, 4 255 nuclear-encoded proteins in the plant plastid database (PPDB) were predicted to be likely targets to Arabidopsis chloroplasts based on combinatory evidence from TargetP (http://www.cbs.dtu.dk/services/TargetP/),TMHMM/) [2] . Another prediction program, Predotar (v1.03), predicted 1 591 plastid proteins [3] . It was estimated that the Arabidopsis chloroplast might contain 2 100-3 600 distinct proteins [4] . So far, only 1 284 nonredundant nuclear-encoded chloroplast proteins have been identified by proteomic techniques based on available published data and Plprot database, a plastid protein database [1, [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] . Thus, the Arabidopsis chloroplast proteome is largely undetermined.
Protein interactions can be classified into two major categories: physical and functional. The former refer to physical association between two proteins, whereas the latter refer to the proteins in a biochemical or a signaling pathway [18] . In fact, protein interactions are very important for cellular and organelle functions. Global protein interaction networks have been constructed for several eukaryotes, including Saccharomyces cerevisiae [19, 20] , Drosophila melanogaster [21] , Caenorhabditis elegans [22] and Homo sapiens [23] , by high-throughput yeast two-hybrid screens. However, the assembly of protein interaction networks in plants considerably lags behind the efforts in animals [24] . Only a few interaction networks in Arabidopsis thaliana have been reported [25, 26] . Among them, Geisler-Lee et al. [27] constructed a genome-wide protein interactome in Arabidopsis, but it was based only on the interologs data in other model organisms.
Large-scale experiments, such as yeast two-hybrid analysis, expression profiling and 2-D gels with mass spectrometry (MS), have accumulated mass of data allowing for the development of a number of bioinformatics approaches for predicting protein-protein interactions [28] . Those approaches include text mining [29] , computational methods based on conserved protein interactions (i.e., interologs) [30] , gene expression data [31, 32] and correlation of genomic context (i.e., gene neighbor algorithm) [33, 34] , gene fusion (Rosetta Stone method) [35, 36] , phylogenetic profiles [37, 38] , and gene clustering (operon) [39, 40] . Since each computational method is inherently biased towards and limited to the biological features it uses [41] , new strategies or algorithms have been developed, such as Bayesian network modeling [42] , to integrate protein interaction and related biological data. The classifier in Bayesian network modeling integrates all data based on the gold standard positives (GSPs) and gold standard negatives (GSNs) by applying machine learning theory. The Bayesian method has recently been successfully applied to integrate different data types, yielding probabilistic measurements of yeast and human interactomes [42] [43] [44] [45] .
In this study, we applied an integrative genomics strategy to identify a set of reliable chloroplast proteins in Arabidopsis. Based on these proteins, a chloroplast protein interaction network was constructed for Arabidopsis thaliana, which can be used for searching highconfidence protein interaction data. We use this network to identify and annotate previously uncharacterized proteins. In particular, we captured the photosynthetic complexes and some novel interacting proteins using our constructed network. Thus, this network provides a useful resource for further investigation of chloroplast protein functions and a comprehensive understanding of the photosynthetic mechanism.
Results

Identification of chloroplast core proteins through integrative genomics in Arabidopsis thaliana
In order to integrate a set of reliable chloroplast proteins, currently available data were collected and extensively analyzed. The Arabidopsis chloroplast proteins were collected from Predotar [46] , Plprot [17] , PPDB [2] , and extracted from The Arabidopsis Information database (TAIR) based on the gene ontology (GO) cellularcomponent annotation. Also, the chloroplast proteins were predicted based on BLASTP analysis, co-expression analysis, the unique Pfam domain analysis and published chloroplast proteomics data. A total of 7 592 nonredundant putative chloroplast proteins were obtained from the nine different datasets (Table 1, Supplementary  information, Table S1 ).
To identify a set of reliable chloroplast proteins (core data or core proteins) from the nine different resources, a naïve Bayesian classifier [47] was used. As the Plprot and MS method, as well as PPDB data and gene ontology (GO) method are not independent based on the analysis of Pearson correlation coefficients (CCs), these data (Plprot and MS, PPDB and GO) were regarded as one feature, respectively. Using a conservative threshold (LRprotein>1.14, Figure 1 ), 1 534 proteins were reliably determined to be chloroplast proteins. Finally, 1 720 nuclear-encoded chloroplast proteins were identified after further integration of data from MS, Swiss-prot, missed GSP, and dual targeting proteins (Supplementary information, Figure S1 and Supplementary information, Table S2). Considering the 88 chloroplast genome-encoded proteins, the set of reliable chloroplast proteins amounts to 1 808. The remaining 5 784 putative chloroplast proteins were classified as candidate chloroplast proteins.
A chloroplast protein interaction network for Arabidopsis thaliana
A chloroplast protein interaction network was built based on the chloroplast core and candidate proteins.
First, a genome-wide protein interaction network was constructed in Arabidopsis thaliana as described by Cui et al. [48] . Protein interaction pairs between core proteins and core/candidate proteins were then screened from the genome-wide interaction data (Supplementary information, Table S3 ). Since some unknown core protein interactions cannot be predicted with these methods, the relative CCs of all genes from gene chip data were also calculated. Of the interaction pairs with a CC greater than 0.95, pairs of core proteins and core/candidate proteins were picked up (Supplementary information, Table  S4 ). By integrating the above data, the chloroplast protein interaction network was built with 22 925 interaction pairs involving 2 214 proteins. Of these proteins, 1 043 were chloroplast core proteins and the remaining 1 171 were candidate chloroplast proteins. Confidence values for each interaction pair were assigned (LRpair value) as described in Materials and Methods. A total of 5 784 protein pairs, involving 967 different proteins, exhibited high confidence interactions, with an LRpair value > f850. Previous studies in yeast revealed that proteins from the same functional group tend to have connections [49] . Under this assumption, the degrees of functional linkages among the characterized proteins were evaluated as a measure of the reliability of the network. In the network, 2 010 of the 2 214 proteins were assigned to 33 broad functional categories in the Mapman database. We generated 100 scrambled networks with these 2 010 chloroplast proteins as a control. In the scrambled networks, the average ratio of the proteins that is consistent with actual annotation was merely 6.95%. However, our network allowed a correct prediction of 57.6% of 2 010 characterized proteins with at least one annotated partner. This result indicated that the composition of the network is consistent with the proposed biological functions, and that it can provide information for further experimental research.
Topological properties of the chloroplast protein interaction network
Network topology offers a quantifiable description of the networks that characterize various biological systems [50] . The chloroplast protein interaction network was Nine individual data sources and an integrated approach in this work were used to predict chloroplast localized proteins in the Arabidopsis thaliana proteome. The genome-wide false discovery rate was estimated from a large gold standard training dataset. 1 FDR: false discovery rate.
Figure 1
The sensitivity and false discovery rate of chloroplast protein prediction by integrative genomic methods. Using training datasets of 594 gold positive proteins and 2 460 gold negative proteins, the sensitivity and false discovery rate of the integrative methods were estimated. The specific thresholds (LRprotein>1.14) are marked by an asterisk. (Figure 2A ), an indication that most of the proteins were very closely linked [51] . In order to measure the probability that a given protein interacts with k other proteins, we calculated the degree distribution P(k) of the proteins involved in the network. As shown in Figure 2B , the degree distribution decreased slowly, approximately following a power-law, meaning that the interaction map has scale-free properties. The average clustering coefficient can be used to measure the tendency of proteins to form clusters or groups, which gives an indication of hierarchal character in a network. Figure 2C shows the distribution of the clustering coefficient C(k) on a log-log plot. The average C(k) diminished as the number of interactions per protein increased, indicating that the network had a potential hierarchical modularity [50, 52] .
Annotation of unknown proteins
Approximately 13.9% (307) of the proteins in the network have not been characterized. Among these, 160 proteins were annotated based on our protein interaction network, and were assigned to functional categories in the Mapman database using the global optimization method (GOM) as described by Vazquez et al. [53] . Of these, 57 were assigned to one functional category, and the rest (103) were placed into two or more functional categories (Supplementary information, Table S5 ). Of the 160 newly annotated proteins, all belonged to the chloroplast core proteins, and 53 were assigned to Bin 1, the functional category of photosynthesis.
The photosynthetic complexes in the chloroplast protein interaction network
Chloroplasts in green algae and higher plants contain five major protein complexes, four of which are in the thylakoid membrane (photosystem I [PSI], photosystem II [PSII], ATP synthase and cytochrome b6f complexes). All of these complexes play important roles in photosynthesis. Thus, we set out to determine if these complexes could be detected in the chloroplast protein interaction network. A sub-network with only predicted core protein interactions was extracted. In this sub-network, most of the subunits of the five known complexes grouped together to form modules ( Figure 3A ). This clustering suggested strong functional relationships among these proteins.
Light-harvesting complex of photosystem II (LHC II) located in the thylakoid membrane collects energy from sunlight and transfers it to the PSII reaction center in the form of excitation energy. Light-harvesting complex of photosystem I (LHC I) proteins form peripheral monomeric antennas of PSI with chlorophyll and absorb light energy. We extracted a sub-network using all proteins predicted to interact with LHC II subunits. In this subnetwork, LHC II subunits connected not only with PSII, but also with PSI and LHC I. This clustering suggested Shortest path Number of protein pairs 
A novel physical interaction validated by yeast twohybrid experiments
The predicted protein interaction suggests their functional linkage including physical interactions. To test whether physical interactions exist, we randomly chose 12 novel interactions involving photosynthesis related proteins from the network and tested them by yeast twohybrid analysis (Supplementary information, Table S6 ). Our results indicated that AT1G52220 and AT2G46820 (TMP14) interacted with PSI-D2 and PSI-L, respectively (Figure 4) . One pair (AT2G46820 interacts with PSI-L) was previously verified by immunoblot analysis by Khrouchtchova et al. [54] . In order to obtain the subcellular localization information of AT1G52220, its full-length coding region was fused with green fluorescent protein (GFP) and subsequently introduced into the wild-type Columbia plant. Confocal laser microscopy analysis showed that GFP fluorescence was localized in the thylakoid of Arabidopsis chloroplast ( Figure 5 ), suggesting that AT1G52220 is a thylakoid protein. The subcellular localization information supports that AT1G52220 physically interacts with PSI-D2.
Discussion
The chloroplast core proteins in Arabidopsis thaliana
A chloroplast is a typical semi-autonomous plant cell organelle and its proteins are encoded by both the nuclear genome and the plastid genome. Although the Arabidopsis genome has been completed for several years, there still exists uncertainty on the total chloroplast proteins. To date, several methods have been developed to predict protein subcellular localization on the basis of protein sequence, structure and evolution [55] . However, each method has its intrinsic biases. In this paper, we extensively collected and predicted chloroplast proteins. A total of 7 592 proteins were obtained and catalogued as chloroplast candidate proteins. These chloroplast candidate proteins are up to 27% of the Arabidopsis total proteome. We believe that these proteins should cover almost all Arabidopsis chloroplast proteins. However, these candidate data were only considered as data source, and the purpose of the process was to cover the chloroplast proteins as completely as possible for the next step: integration.
Obtaining reliable chloroplast proteomic data was the premise for construction of the protein interaction network. After integration, a total of 1 808 proteins are considered as reliable chloroplast proteins. Of these proteins, 1 720 were nuclear encoded. These proteins were compared with the 4 255 proteins from PPDB and the 1 284 proteins integrated from proteomics data ( Figure  6 ). Of the 1 284 proteins, 710 were also included in the PPDB data. These proteins should be reliable chloroplast proteins since they were included in both the PPDB and integrated proteomics data. Of the 710 overlapping proteins, 705 were also present in our core data of chloroplast proteins, further demonstrating the reliability of our core data. However, 354 of the 1 284 integrated proteomics proteins were not included in PPDB data and our core data. Recently, Friso et al. [1] identified 4 255 Arabidopsis chloroplast candidate proteins based on TargetP prediction, which relies on the N-terminal signal sequence of a protein (PPDB, http://cbsusrv01.tc.cornell. edu/users/ppdb/). However, it has been known that some proteins that are located on the chloroplast outer membrane do not contain the signal sequence and those Before the construction of chloroplast protein interaction network, a genome-scale protein interaction network was firstly built. To obtain a comprehensive Arabidopsis protein interaction network, we widely collected different data and predicted protein interactions by several methods including interologs [30] , phylogenetics [41] , biological process [42] , gene co-expression [42] and enriched domain pairs [23] . Geisler-Lee et al. [27] reported a predicted Arabidopsis interactome with 19 979 interaction pairs of 3 617 proteins by the interolog method. In the protein interaction network of this work, 19 368 interaction pairs of 3 565 proteins were also predicted based on the interolog method. These proteins and their interaction pairs are included in Geisler-Lee et al.'s data [27] . This demonstrates the prediction data of Geisler-Lee et al. [27] are reliable. Each prediction method has its inherent bias, which has been demonstrated in previous study [41] . Therefore, in our protein interaction network we used six different methods, of which the interolog method is the only one to increase the prediction coverage for proteinprotein interactions, and then used the Bayesian classifier proteins cannot be predicted by TargetP. Thus, some of these 574 proteins should be true chloroplast proteins. But MS-based proteomics analysis cannot tell which of these proteins are true chloroplast proteins or contamination. In contrast, our core data suggest that 220 of them are reliable chloroplast proteins with 43 GSP proteins. Further analyzing the 43 GSP proteins with TargetP found only 4 of them predicted to be chloroplast proteins; this demonstrated that most of these 220 proteins cannot be recognized as chloroplast proteins by TargetP. In addition, our core dataset also contains 176 proteins that were neither included in PPDB data nor detected by proteomics. Of them, 70 proteins were found in the gold standard positives. Therefore, the extensive integration of chloroplast proteins in this work has helped to correctly identify more chloroplast proteins. The 1 720 chloroplast core nuclear proteins identified in this work are reliable and comprehensive. Furthermore, our analysis process provides a new effective approach to integrate data from different resources.
A chloroplast protein interaction network in Arabidopsis
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The Bayesian classifier algorithm requires prior experience probability to determine the post probability. Therefore, the gold standard positives and negatives are prerequisite when performing Bayesian classifier. An effort was made to find experimentally validated chloroplast protein interactions that could be used as gold standard positives, and to find information that one chloroplast protein does not interact with another that could be used as GSN. Failure to find GSNs via extensive text mining led to an alternative strategy: we identified the chloroplast protein interactions based on genome-wide protein interactions. For GSNs, it is hard to pick up the protein pairs without interaction; we circumvented this problem following a previous paper [23] which has been widely used in the bioinformatics field. In the GSN, proteins with multiple locations have been discarded to reduce the potential false positive data. Chloroplast protein interaction pairs were then screened with core proteins and core/candidate proteins from the genome-wide protein interaction data. Many of the chloroplast proteins had no annotation other than the gene chip information. A previous study indicated that a certain correlation exists between the gene expression profile and the protein functional linkage [56] . Therefore, protein interactions between core proteins and core/ candidate proteins with a relative expression coefficient of more than 0.95 were also integrated into the network. This process extended the protein interaction data and provided more information for the study of protein functions.
Our network contains 2 214 proteins with 22 925 protein interaction pairs. Of these proteins, 1 043 are core proteins and the other 1 171 are candidate proteins. These candidate proteins were selected based on their predicted interactions with core chloroplast proteins, and we believe that the majority of them also belong to the chloroplast. As these candidate proteins cannot be integrated into the core data, and the core data contain 21 dual targeting proteins localized in both chloroplasts and mitochondria, certain nonchloroplast proteins might be mixed in these candidate proteins. These candidate proteins extend the number of identified chloroplast proteins to 2 979. This dataset should cover most of the chloroplast proteomes since previous research estimated that the chloroplast proteome of Arabidopsis contains 2 100-3 600 proteins [4] . Of the 22 925 interaction pairs, 15 295 interaction pairs were between two core proteins. The other 7 630 interaction pairs were comprised of core and candidate protein interactions. Therefore, although over half (52.9%) of the proteins in the network are candidate chloroplast proteins, the majority of the network is formed from core protein interactions. In order to minimize the false positive data, the interactions between candidate proteins were not included in the interaction network. Overall, we believe that the protein interaction network built here for the chloroplast is quite reliable.
In order to further assess the reliability of the network, the quality of the chloroplast protein interaction network was evaluated through the analysis of degree distribution and topological properties as described in previous research [23] . The degree of the functional linkages among the characterized proteins is much higher than that of the scrambled networks. This reveals that the network shows strong functional correlation between the interacting protein pairs. It is quite in agreement with the results of protein interactions from other organisms [21, 23] . The mean shortest path length between any two proteins is 4.07 links. This result indicates that most proteins are very closely linked, in accordance with a phenomenon described as a small-world property of networks [51] (Figure 2A ). The degree distribution P(k) of interactions per protein decays slowly, approximating a power law ( Figure 2B) . Meanwhile, the average clustering coefficient, C(k), diminishes with an increase in the number of interactions per protein, implying that this network possesses a potential hierarchical organization ( Figure 2C ). All of these statistical analyses reflect that the network, in contrast to a scrambled network, is a biologically meaningful small-world network that displays scale-free hierarchical organization properties. This conclusion is in agreement with previous protein-protein interaction npg network studies for model organisms [21, 23] . All of the data show that this network is reliable and provides a solid basis for interpretation of protein functions and interactions in the chloroplast.
Applications of the chloroplast protein interaction network
Functional annotation of unknown proteins The sequence of the Arabidopsis genome was reported, and its genes were annotated several years ago [57, 58] . However, the functions of about 30% of these gene products could not be assigned based on sequence homology and remain uncharacterized [59] . Protein interaction provides useful information of functional linkage between interacting partners, and has been used for functional annotation [49] . Among the 2 214 proteins in this chloroplast network, 307 are uncharacterized. Of them, 160 proteins were annotated in this work. This annotation approach could have certain limitations since it is heavily dependent on the accuracy and completeness of databases. Furthermore, this method could also miss some information on protein-specific functions [49, 60] . However, the annotated information for these proteins should provide useful hints for further functional analysis of these genes.
Photosynthetic complexes in the network
The major function of the chloroplast is photosynthesis, and photosynthetic complexes play essential roles in this process.
In the subnetwork extracted from the predicted protein interactions, most of the subunits of each complex grouped together ( Figure 3A) . The groupings indicated that those components for each complex are tightly linked in a manner that is consistent with their functional role in photosynthesis. Among the photosynthetic complexes, LHC I and LHC II distribute absorbed light energy to the cores of PSI and PSII for photosynthesis. It was discovered more than 30 years ago that plants can balance the excitation energy distribution between the two photosystems [61] . In the subnetwork extracted from predicted protein interactions between LHC II subunits and core proteins, LHC II functionally relates to LHC I, the PSI core and the PSII core ( Figure 3B ). These results captured the inter-relationships among the complexes. At the same time, many previously unknown functional linkages were detected among those complexes. These new interactions among or within photosynthetic complexes provide valuable information for future investigation.
The interactions between proteins can be classified into two major categories: physical and functional. The former refer to physical association between two proteins, whereas the latter refer to the proteins in a biochemical or a signaling pathway [18] . Indeed, most of these methods predict protein interactions that mean functional linkages, which include physical interactions and general involvement in the same biological process. We used this concept for protein interactions in this work. Based on the predicted protein interactions, we experimentally validated two physical interactions from 12 randomly selected pairs. Our network offers protein function clues and it also provides a platform or important resource for the research on chloroplast systems biology.
Materials and Methods
Candidate chloroplast proteins in Arabidopsis thaliana
A total of nine datasets of putative chloroplast proteins were obtained from various sources ( Table 1) . Datasets 1-4 were collected from the different databases including PPDB data [1] , Predotar [46] , Plprot [17] and GO (http://www.geneontology.org/). Datasets 5-9 were predicted in this work and briefly described as follows. Datasets 5 and 6 were generated based on BLASTP [62] searches using photosynthetic bacterial and other plant chloroplast proteins, respectively. Dataset 7 was from an analysis of microarray co-expression of genes in Arabidopsis thaliana leaves. Dataset 8 was predicted based on unique chloroplast Pfam domains (see Supplementary information, Data S1). In dataset 9, we included 1 205 nonredundant chloroplast proteins that were available from published Arabidopsis chloroplast proteomics data [1, [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] . Based on these nine datasets, we obtained a total of 7 592 nonredundant putative chloroplast proteins. Finally, we downloaded 88 chloroplast genome-encoded proteins from the TAIR database (http://www.arabidopsis.org). Detailed information of these datasets was included in the Supplementary information, Data S1.
The gold positive and negative data
A total of 594 nonredundant chloroplast proteins were categorized as the gold positives. The gold negatives were generated from the Swiss-Prot database (Release 49.7). After we excluded 'by similarity', 'potential', 'probable', and 'possible' entries and experimental data for individual proteins, we had 2 460 nonchloroplast proteins. Detailed information of these standard datasets is included in the Supplementary information, Data S1.
Integration of genome-scale datasets in a naïve Bayesian integration and identification of chloroplast core proteins
Before the naïve Bayesian integration, the independency of the nine datasets was evaluated by calculating the Pearson CCs between each comparison pair of features (Supplementary information, Table S7 ), and two sets of the dependent data (Plprot and MS, GO and PPDB) were regarded as one feature, respectively, based on the CC values. After the naïve Bayesian integration [47] , 1 534 chloroplast core proteins were obtained with a 4.77% estimated false prediction rate (Supplementary information, Data S1). Under this threshold, the Bayesian classifier missed 135 of the 594 gold positive proteins. These missed proteins were also regarded as core proteins. To establish a set of reliable chloroplast proteins (core data), other proteins were integrated into the core data as npg shown in Supplementary information, Figure S1 . Currently a total of 1 284 nonredundant chloroplast proteins have been identified by proteomic technique. Of them 925 were integrated into the dataset of the 1 534 core proteins by Bayesian classifiers. We analyzed the remaining 359 proteins and found that 59 were previously identified by at least two different experiments. Our text mining of these 59 proteins revealed that 26 of them are not localized in the chloroplast. The remaining 33 proteins were included into the core data. Besides, our text mining also found 21 proteins localized in both the chloroplast and mitochondria. These proteins were also categorized as the core data of chloroplast proteins, but not as gold positive data. Of the 288 chloroplast proteins from Swiss-port, 233 were supported by our available published papers and were categorized as gold positive data. For two of the 288 proteins, the homologs cannot be found in Arabidopsis. The remaining 53 proteins were categorized as chloroplast core data, although no supporting references were found. In total, the core data of chloroplast proteins are 1 720. Considering the 88 chloroplast genomeencoded proteins, the set of reliable chloroplast proteins contains 1 808 nonredundant proteins.
Construction of a chloroplast protein interaction network for Arabidopsis thaliana
Protein interaction prediction Six computational methods were exploited to detect protein interactions: phylogenetic profiling [38, 63] , interolog analysis [30] , co-expression [42, 56] , biological process (SSBP) [23] , enriched domain pairs [23] and gene fusion [35] . In phylogenetic profiles method, we used the optimized parameters (LRpair value L¦850) described in Sun et al. [63] , and constructed and assessed profiles using the method described in Date and Marcotte [36] . To obtain ortholog interactions, we used the protein interaction data in four organisms (Saccharomyces cerevisiae, Drosophila melanogaster, Caenorhabditis elegans and Homo sapiens), which were downloaded from the DIP database (http://dip.doembi.ucla.edu/dip/Download.cgi), and ortholog map files, which were downloaded from the Inparanoid database (http://inparanoid. cgb.ki.se/). Arabidopsis thaliana protein-protein interaction data were then obtained according to ortholog function transfer as described in Matthews et al. [30] Co-expressed genes were found by using publicly available microarray data from the TAIR database (ftp://ftp.arabidopsis.org), and microarray data from leaves were selected for further analysis. The Pearson correlations for each pair of genes were calculated between any two genes. Protein interaction pairs with a correlation value larger than 0.95 were extracted. A total of 23 493 nonredundant proteins in 1 389 GO annotations were downloaded from the Gene Ontology Consortium (http:// www.geneontology.org). All proteins were paired, and the SSBP value of each pair was calculated. The gold standard positive interactions (4 902) involving 1 254 proteins were extracted from the published literatures, KEGG and IntAct database (see Supplementary information, Data S1 and Supplementary information, Table  S8 ) for Arabidopsis thaliana. To find the enriched domains, the domains in these GSP protein interaction pairs were analyzed [23] . There were 5 337 pairs involving 438 proteins found at the genome level. The gene fusion method [35] was used. All the predictive data sources were integrated with a naïve Bayesian Networks approach as described in Rhodes et al. [42] . All the networks were drawn by software Pajek [64] .
The GSP and GSN data The GSP of the protein interactions means that two proteins in a pair have true interaction relationship or functional linkages. The GSP interactions were collected from available published literatures, KEGG and IntAct database. We got 4 902 Arabidopsis protein interactions involving 1 254 proteins from these methods. Of them, 1 339 were chloroplast proteinprotein interaction pairs.
The gold standard negative (GSN) of the protein interactions means that any physical interaction or functional relationship does not exit in the protein pairs. Due to few negative data available, we created the GSN in the following way. It was defined in this work as a protein pair with one located in the plasma membrane and the other located in the nucleus, as assigned by Gene Ontology Consortium (http://www.geneontology.org). In all, 19 GO IDs were assigned to the plasma membranes and 478 GO IDs were assigned to the nucleus. We mapped corresponding GO IDs to the Arabidopsis thaliana proteins, and created unique 364 161 negative protein interactions involving 6 461 proteins. No overlapped protein-protein pairs were found between the GSP and the GSN.
The Bayesian network approach To integrate different data, a naive Bayesian framework was adopted [47] . The essence of the approach is to provide a mathematical rule, given some predictive evidence, to explain how to adjust the odds that a pair of proteins interact, either in a true interaction instance (GSP) or, correspondingly, in negative protein interactions, known as GSN. The detailed approach is described in Supplementary information, Data S1.
Functional annotation
The Mapman functional annotation system of Arabidopsis thaliana from the PPDB database (http://ppdb.tc.cornel.edu) was used to annotate previously uncharacterized proteins with GOM described in Vazquez et al. [53] .
Yeast two-hybrid analysis
Twelve pairs of protein interactions were validated by yeast two-hybrid experiments (Supplementary information, Table S6 ). The full-length cDNA of these proteins was obtained from RIK-EN (Japan). The cDNAs were amplified using primers listed in Supplementary information, Table S9 , and the PCR products were cloned into the pMD18-T vector (Takara, Japan). The full-length cDNAs in the T-vectors were then subcloned into the EcoRI and XhoI/SalI sites of the pJG4-5 vector to construct baits. Also, fulllength cDNAs in the T-vectors were subcloned into EcoRI and XhoI sites of pB42AD to construct preys. Combinations of prey and bait and the reporter vector pSH18-34 were co-transformed into the yeast strain EGY48 according to previously described procedures [65] . The selection of transformants and the analysis of the galactosidase were performed as described by McNellis et al. [66] .
The subcellular localization of AT1G52220
The construct of the green fluorescence protein (GFP) fusion was followed as in Wang et al. [67] . The full-length coding sequence of AT1G52220 was fused in-frame with the pEGFP (Clon Tech, Palo Alto, CA, USA), with expression driven by the cauliflower mosaic virus 35S promoter using the pMON530 plasmid. npg which has a KpnI site, and the reverse primer (5'cca tgg GGC CAA GTA TAT CCG CTA C3'), which has an NcoI site, were used for PCR amplification and then the PCR products were inserted into the pEGFP plasmid. Next, the BamHI/EcoRI fragment from the inserted plasmid was inserted into the pMON530 to obtain p530-EGFP-52220. The EcoRI/BamHI double-digested pEGFP plasmid fragment and the EcoRI/BglII double-digested pMON530 plasmid vector were ligated to obtain 35S-EGFP. The p530-EGFP-52220 and 35S-EGFP (control) were introduced into the wild-type of Columbia plant using the floral dip method [68] . Stable transgenic plants were then obtained. Young leaves of transgenic plants were examined using a Zeiss LSM5 PASCAL confocal laser scanning microscope equipped with an Axiovert 100 inverted microscope.
The filtersets used were BP505-545 (excitation, 488 nm; emission, 505-545 nm) and LP585 (excitation, 488 nm; emission, 585 nm) to detect GFP and the chlorophyll autofluorescence.
